Abstract
Problem statement
The acquisition of age and growth data is of key interest for marine living stock assessment and ecology applications. It relies on the interpretation of calcified structures, mainly otoliths (inner ears of the fish), routinely and manually performed by experts for several thousand of samples a year. Digital imaging offers new possibilities to ease the processing of these tedious tasks in a fully or partially automatic way [8, 11] . As illustrated by Fig.1 for a plaice otolith, otolith interpretation for ageing purposes comes to the analysis of yearly alternated opaque and translucent concentric rings. Determining the position of the otolith growth center is obviously a crucial issue, since it serves as the reference point. However, methods targeted at image-based automatic ageing [3, 4, 9, 12, 14] generally ignore this step to focus on the detection of the rings given the location of the otolith nucleus (also referred as the otolith center in the subsequent).
This paper presents a new and well-founded framework to reliably determine the position of the otolith center, such that it can be used for further analysis. This topic has only been considered in [4, 14] . The solution proposed in [14] simply resorts to the detection of the darkest point within a predefined area of interest set a priori. Experiments will show its rather low robustness. In [4] , the detection of the otolith center is a by-product of the extraction of 2D growth rings. Though interesting, its main drawback lies in the overcomplex parametrization of the underlying multiagent system. Contrarily, our scheme combines morphological features to the a contrario setting to perform a parameterless detection of otolith nucleus. The subsequent is organized as follows. Section 2 details the proposed morphological approach. Experiments, in particular a quantitative evaluation including a comparison to previously proposed approaches [4, 14] for a large set of Plaice otoliths, are presented in Section 3.
Proposed method

Topographic map
Let u be a grey level image. Its upper (resp. lower) level set at value is
). It is a classical result of Mathematical Morphology [5, 10] that these level sets give a complete representation of u, which, in addition, is invariant with respect to global contrast changes. Level lines are the topological boundaries of connected components of level sets, and the topographic map is the collection of all level lines. The topographic map also characterizes the image, up to an increasing contrast change. Since level sets are nested, they can be embedded in a tree structure, computed by an efficient algorithm due to Monasse and Guichard [7] . They call shape the interior of any level line. There are superior (resp. inferior) shapes, following whether they are obtained from an upper (resp. lower) level set. The denomination of shapes is due to the fact that they often correspond to shapes or part of shapes in real images [1] .
Nucleus detection
Let us first remark that the otolith itself can be easily extracted as the largest shape in the image, that we shall denote by S 0 . This is not very strict an hypothesis, since the acquisition of otolith images is well controlled, and the otolith is usually observed as it lies on a nearly constant background. To detect the nucleus, let us state the following qualitative facts: otoliths are vaguely elliptic, and nucleui correspond to a dark region close to the longest principal axis of the otolith. This region is also basically elliptic and no too excentric.
Maxima removal Let us first express the fact that
the nucleus corresponds to a dark region. Let S 0 be the shapes included in S 0 (that is, part of the otolith). We also denote by S 1 the set of shapes in S 0 that does not contain any superior shape. In other terms, shapes in S 1 do not contain any local maxima. Of course, this is a bit strict, since noise creates lots of them. Thus, we first apply a grain filter [13, 6] , to the image, which consists in removing shapes whose area is less than a given threshold. This scale parameter is the unique parameter of our method. Its value is not sensitive since the size of the nucleus is always of few hundreds pixels. The size of the grain filter was set to the same value for all our experiments. Grain filter and maxima elimination leave of few dozens candidate shapes.
Principal axis proximity
Let us now denote by the first principal axis of the otolith. Let D be a perpendicular axis to , and (X i ) i2I be a finite family of connected compact sets. Let X be one of the X i . We say that X has a minimal distance to on D if and only if D \ X 6 = and
In (1), we measure the distance between a point (D\ ) and and set (D \X i ). This condition simply means that if we restrict the observation on D, then X is the closest to .
Finally, we say that S 2 S if S 2 S 1 and if for any axis D, perpendicular to such that S \ D 6 = , then there exists S 0 2 S 1 such that S 0 has a minimal distance to on D among the shapes of S 1 and S S 0 .
The interpretation is much simpler that this formal geometrical definition: basically, if we start from and move along its normal, then the first dark shape that we encounter must contain S . While the first step remove bright shape, this second one removes elongated shapes that turn around the nucleus, while staying afar. (See Fig. 2 
Geometrical statistical selection
Among the remaining few candidates, we would like to choose the largest, the closer to and the most circular shape. Fixing thresholds for geometrical quantities may be a bit dangerous since, even though otolith images are perceptually very alike, they enjoy a great variability of details. The two preceding steps are only qualitative, and avoid any threshold. They are also quite general and experimentally very stable. We now aim at 1. finding the best nucleus candidate.
2. giving a reliability measure to this detection.
Let us define three functions (f i ) i=1 2 3 representing the three geometrical qualities of a good nucleus. The first one is the area f 1 (S) = jSj:
The second one is
This function is scale invariant and measure how S is close to , relatively to its size. 
This value is also dimensionless, and describes the "flat- 
We define the nucleus N as the shape in S such that
This definition means that the best candidate is the less probable under the independence assumption. Of course, it may happen that only one of the probabilities H i is small.
Nevertheless, since the number of shape that are used in the histogram learning is small, we cannot estimate very small marginal probabilities. Thus, the most efficient way to have a small value of E is to have small values of H i for all i.
In practice, we learn the histogram on a set of about 100
shapes, yielding positive marginals greater than 10 2 . In practice, the minimizer of E in our experiments assumes a value between 10 4 and 10 5 . Remark that, following Desolneux et al., E provides a rejection threshold.
Definition 2 We call number of false alarms (NFA) of S the number
N F A (S) = # S E(S):
We also say that S is "-meaningful if N F A (S) < " .
The additivity of expectation immediately gives the following result (see [2] ).
Proposition 1
The expectation of the number of "-meaningful shapes in the independence model is smaller than ".
As a consequence, if we choose "
1 and observe that a shape has a NFA larger than ", we cannot conclude that it contradicts the independence assumption since the expected number of such an event may be comparable to ".
Results
Examples
We first display two examples of the detection of the nucleus within otolith images for plaice samples. Fig.3 reports these two detections, respectively for a 3 years and a 10 years old otolith. The red line outlines the shape selected by our morphological approach, the blue star the estimated position of the nucleus and the magenta circle its actual position manually pointed out. The second row zooms in around the otolith center. In both cases, the selected shape is actually located within the first translucent ring. Consequently, an accurate estimation of the position of the otolith center is deduced. An important feature stresses by these two examples is the robustness of the morphological detection to the increase in image complexity in terms of the number of concentric seasonal rings.
Performance evaluation
We have carried out an evaluation of the proposed technique on a set of 250 images of Plaice otoliths belonging to age groups from 1 to 13. For each image, the position of the nucleus has been manually pointed out to provide the ground truth. To achieve a quantitative analysis of the detection performance, we define the rate of correct detection w.r.t. the threshold value as follows. Given an image, the detection of the otolith center is considered as correct if the distance between the detected nucleus and the actual one is lower than times the distance from the actual nucleus center to the first translucent ring. For from 0 to 0.3, a correct detection can be regarded as very accurate. Besides, for = 1 , it indicates whether or not the estimated position of the nucleus is within the first translucent ring. In addition, we compare the proposed morphological approach to the ones proposed in [4] and [14] . Fig.4 depicts the overall evaluation in terms of rate of correct detection with 2 0 0:8].
With correct detection rates close to 95% for = 0:3 and to 99% for = 1, the morphological approach performs robust and accurate detection of the otolith center. These promising results indicate that this scheme could be used as a preprocessing for further analysis, such as automatic ageing [3, 4] , or for routine ageing issues.
Compared to previously proposed approaches, the morphological scheme largely outperforms the heuristic one used in [14] , which simply consists in retrieving the darkest point within a predefined window, and also shows better performances than the multi-agent technique [4] (respectively, 94:8% 92:1% and 84% of correct detection for = 0 :3). The close comparison of the morphological and multi-agent frameworks indicates that the latter is significantly less robust to detect the nucleus region, but may be more accurate when this detection points out to the relevant area of interest. Besides, whereas multi-agent systems are known to involve quite complex parametrization, the proposed morphological can be regarded as parameterless. It only requires to set the parameter value of the grain filter, used to filter out small regions. In our experiments, this value was set to 500 and the detection performances were shown to remain stable for a grain parameter within 100 600].
